We use a standard consumption-based asset pricing model incorporating conditioning information to explain the risk-return pro…le of currency carry trade portfolios. We use a scaled stochastic discount factor instead of scaled or managed portfolio returns as in previous work. Our conditioning variable is a forward-looking measure of net foreign assets. It arises from an intertemporal budget constraint and has predictive power for exchange rates. We …nd that our conditional consumption-CAPM is able to price a large part of the variation in cross-section of carry trade portfolios using cross-sectional as well as time series regression-based tests. Taken together, our results imply that the consumption-based models do still have a role to play in explaining excess returns on carry trade strategies. JEL classi…cation: G0, G10, G12
Introduction
Currency carry trades -borrowing in a low-interest rate funding currency with a higher yielding deposit in a target currency -have been shown to be consistently pro…table over the last few decades. There is an ongoing debate as to whether the risk-return pro…le observed for carry trade portfolios can be better explained by traditional risk factors like consumption growth or by non-risk based factors. We add to this literature by providing new evidence that a conditional Consumption-CAPM (C-CAPM) with a state dependent stochastic discount factor and an economically motivated conditioning variable - ‡uctuations in net foreign assets -is able to account well for the cross-section of carry trade risk premia.
Currency carry trades are widely used by foreign exchange traders. Lustig and Verdelhan (2008) observe that a carry trade strategy levered up to match the volatility of stock returns would, over a period of 25 years, produce a return of $3.36 for every dollar invested compared to $ 2.71 for an investment in the stock market yielding a cumulative return di¤erence of 65%! However, a central tenet of international …nance, uncovered interest rate parity (UIP), implies that investors should expect exchange rates to move in a way that equalizes the rates of return on equally risky assets denominated in di¤erent currencies. If this theory holds then carry trades would yield no excess pro…ts. A large literature, reviewed in Engel (1996) , uses data on individual currency pairs and …nds that the UIP condition is violated except in the case of very high in ‡ation currencies.
In a recent work, Lustig and Verdelhan (2007) shift the focus from individual currencies to investable multi-currency portfolios that deliver trading strategies with higher excess returns and Sharpe ratios than seen for individual currency pairs. They …nd that a standard consumption-based asset pricing model explains the cross-section of risk across carry trade portfolios sorted on the basis of inter-country interest rate di¤erentials. However Burnside (2011), using similar data, …nds that this standard risk-based explanation is not re ‡ected in the data. Following this debate there have been several papers that have found evidence in support of both risk-based and non-risk based 1 factors that explain the observed carry trade risk premium. We contribute to this literature by showing that the time varying risk premium in carry trade strategies can be substantially captured by a conditional consumption-based asset pricing model (C-CAPM) with a state-dependent or scaled stochastic discount factor. We are not the …rst to use models incorporating conditioning information. Indeed, Lustig and Verdelhan (2007) use a conditional version of the C-CAPM with the inter-country interest rate di¤erential as an instrumental variable based on empirical evidence of its predictive ability for exchange rates. However, their conditional C-CAPM incorporates conditioning information through managed portfolios. In contrast our paper is the …rst, as far as we are aware, to use a linearized C-CAPM stochastic discount factor that is "scaled" using a conditioning variable that allows it to be "state dependent". The conditioning variable we use is a measure of Net Foreign Assets (NFA) …rst used by Gourinchas and Rey (2007) . NFA is based on the accounting identity linking US foreign assets, liabilities, exports and imports. This identity implies that when the US accumulates foreign liabilities in excess of its assets, there must be an expectation that the international debt will ultimately be repaid using the proceeds from future net exports and/or returns on foreign assets, or that the US will eventually default. Like CAY, used in Lettau and Ludvigson (2001a, 2001b) , NFA is a forward looking measure that has predictive power for exchange rates and e¤ectively summarizes underlying fundamentals that in ‡uence exchange rate movements.
Our main results can be summarized as follows. We …nd that a conditional version of a standard C-CAPM does a good job of pricing the cross-section of carry trade portfolios. Our conditioning variable, U.S. net foreign assets, relate changes in foreign assets and liabilities to multilateral exchange rates. Our model, in contrast to prior work on exchange rates, uses conditioning information to scale the stochastic discount factor rather than scaling test asset returns. We …nd, using standard Fama-MacBeth regressions, that this scaled C-CAPM has high explanatory power for the risk return pro…le of carry trade portfolios. This evidence is further supported by tests that incorporate theoretical restriction on the time series intercepts of the model. We also …nd that our results are robust to using a longer span of annual and quarterly data on carry trade excess returns.
The rest of the paper is organized as follows. In Section 2 we brie ‡y outline related prior research on the carry trade risk premium and e¤orts to explain it focussing on risk-based models. We also provide details of previous work in this area that uses conditional asset pricing models. Next, in Section 3 we discuss the empirical methodology we use with a focus on tests of conditional asset pricing models. Section 4 describes the data we use and Section 5 provides a description of our results and test for robustness. Section 6 concludes the paper.
Background and Related Research
We now brie ‡y outline related work on risk and non-risk based explanations of the risk-return pro…le of carry trade portfolios. This literature is growing rapidly and therefore we focus here on key papers that relate to our work. We refer the reader to recent survey papers (for example Burnside, Eichenbaum and Rebelo, 2011) for details. Next, based on Ludvigson (2011), we distinguish between the two ways in which conditioning information has been incorporated in to tests of asset pricing models; either by scaling returns i.e. using managed portfolios as in Lustig and Verdelhan (2007) and Lustig, Roussanov and Verdelhan (2011) . Alternately as in this paper, we scale the elements of the stochastic discount factor (as in Lettau and Ludvigson, 2001b) using lagged ‡uctuations in the net foreign assets. Our conditioning variable re ‡ects underlying fundamentals that a¤ect exchange rates and also has good predictive ability for multilateral exchange rates (Gourinchas and Rey,2007) . Lustig and Verdelhan (2007) are the …rst to use currency portfolios rather than individual currency pairs. They form eight portfolios, re-balanced every period, sorted on the basis of the interest rate di¤erential between country pairs from the lowest interest rate to the highest interest rate currencies. They use the Yogo (2006) version of the C-CAPM that also nests the canonical C-CAPM with non-durable consumption growth. In the Yogo (2006) , explains 87 % of the variation in annual returns across their 8 currency portfolios compared to 74% using a C-CAPM with two factors ( c t , d t ). In contrast a C-CAPM based on an Epstein-Zin utility function (with two factors; c t and r w t ) and the standard C-CAPM (with one factor c t ) have cross-sectional R-squared's of about 20% and 18% respectively. However they also …nd that these models, despite their good cross-sectional …t to the data, deliver very high values of the relative risk aversion parameter. This is similar to the evidence for the equity market reported by Yogo (2006) . Burnside (2007) , using similar data, puts forward two main points in regard to the results in Lustig and Verdelhan (2007) . The …rst is that he …nds little statistical evidence that aggregate consumption growth risk is priced in currency markets and second that the Lustig and Verdelhan (2007) measure of …t overstates their results. In their reply, Lustig and Verdelhan (2007) raise a number of points that support their conclusions that have again been discussed in Burnside (2011) .
Models with Conventional Risk Factors
Another example of a risk-based model is Verdelhan (2010). He develops a consumptionbased model with habit formation, inspired by Abel (1990) and Campbell and Cochrane (1999) , to explain the risk-return pro…le seen in carry trades. In his model, a domestic investor expects to receive a positive foreign currency excess return in bad times when he is more risk averse than his foreign counterpart. In other words, time periods of high risk aversion correspond to low interest rates in the home country. Thus, domestic investors expect positive currency excess returns when domestic interest rates are low and foreign interest rates are high. Verdelhan (2010) uses currency excess returns for 8 developed countries as well as the 6 size and 25 Fama-French book-to-market and size portfolios. He …nds that the hypothesis that pricing errors are zero cannot be rejected at conventional con…dence levels. We note that the stochastic discount factor in the Verdelhan model, like in Campbell and Cochrane (1999) , has a pricing kernel that is an approximate state-dependent linear function of consumption growth. Next we outline recent work where multifactor asset pricing models with empirically motivated factors, in the spirit of Fama and French (1992, 1993) are developed, and used to explain the cross-section of carry trade portfolio returns.
Empirical Factor-Based Models
Lustig, Roussanov and Verdelhan (2011) construct empirical risk factors, in the spirit of Fama and French (1992, 1993) , designed to price the average payo¤s to portfolios of carry trade strategies. Using monthly data, over the period 1983-2009, they use data on spot and forward contracts to create six currency portfolios from currency pairs sorted on the basis of the forward discount. Their …rst portfolio contains the lowest interest rate currencies while the last contains the highest interest rate currencies. Using principal components on this set of portfolio returns), they …nd that the …rst two principal components of account explain most of the time series variation in currency returns and also have meaningful economic interpretations. The …rst principal component or "level" factor is correlated to the average excess return on all foreign currency portfolios which they term as DOL or the dollar risk factor. The second principal component is like a "slope" factor and is essentially the di¤erence between the return on the sixth and the …rst portfolios -they call this factor HM L F X : The stochastic discount factor in their model is:
where DOL and HM L F X are the factor means and b DOL ; b HM L F X the factor coe¢ cients. They use these empirical factors to test the cross-section of currency returns and …nd that the risk price of the HM L F X or carry factor (the second principal component) is 4.16 % per annum while the risk price of the dollar factor (the …rst principal component) is 3.46 % per annum. Further, using cross-sectional regressions they …nd that the pricing errors are small (RMSE is 96 basis points) and the adjusted R-squared is 70 percent. They also …nd that the null that the pricing errors are zero cannot be rejected, regardless of the estimation procedure with p-values all exceeding 5%.
In closely related work Menkho¤, Sarno, Schmeling and Schrimpf (2010) …nd that a measure of global volatility 2 obtained from currency markets also explains the cross-section of our currency portfolios. Their stochastic discount factor which can be written as:
where DOL t+1 is and F X t+1 is their proxy for innovation to global FX volatility. They …nd, using 5 carry trade portfolios, that their volatility factor has a negative market price of risk . Further they …nd the cross-sectional model has good …t with the data (R-squared of 90%) and they also cannot reject the null that the HJ-distance is zero.
Non-Risk Based Models
We now describe in brief recent work that relies on non-risk based models (see Burnside, Eichenbaum and Rebelo (2011) for a comprehensive review) that use the idea of disaster risk or market microstructure related factors like price pressure to explain the observed excess returns on carry trade portfolios. For example, Burnside, Eichenbaum, Kleschelski and Rebelo (2011) argue that the payo¤s to the carry trade can, at least in part, be explained by the presence of rare disasters or peso problems. They study a hedged carry trade strategy that is immune to large losses such as those potentially associated with a peso event. Using data on currency options to estimate the average risk-adjusted payo¤ to this trade they …nd that this payo¤ is smaller than the corresponding payo¤ to the unhedged carry trade. They conclude that a peso event re ‡ects high values of the SDF in the peso state rather than very large negative payo¤s to the unhedged carry trade in that state. In other words, they …nd that the main characteristic of a peso event is that the SDF increases sharply, suggesting that investors fear disastrous outcomes.
Burnside, Eichenbaum and Rebelo (2011) explore an alternative explanation that relies on the existence of price pressure in foreign exchange markets for the pro…tability of the carry trade strategies. Here price pressure is the price at which investors can buy or sell currencies depends on the quantity they wish to transact and this introduces a wedge between marginal and average payo¤s to a trading strategy. As a result, observed average payo¤s can be positive even though the marginal trade is not pro…table. So, traders do not increase their exposure to the strategy to the point where observed average risk-adjusted payo¤s are zero. We now turn to a brief description of how conditioning information is incorporated into empirical tests of asset pricing models and relate these to our paper. Cochrane (1996) advocates using instruments to incorporate conditioning information in tests of conditional asset pricing models. Ferson and Harvey (1999) , for example, use lagged economy-wide indicators as scaling variables in cross-sectional asset pricing tests. Jagannathan and Wang (1996) …nd that the performance of the classical CAPM is dramatically improved by conditioning the market factor on macroeconomic indicators such as the term premium. The conditioning variables employed in these papers are variables that have predictive power for excess equity returns like the dividend yield and interest rate di¤erentials and thus re ‡ect underlying fundamentals in the economy. We note that tests of conditional models are subject to the Hansen and Richard (1987) critique that conditioning instruments may not fully re ‡ect an investors'set of conditioning information. We now draw on Ludvigson (2011) and provide a brief background to the conditional C-CAPM we use and link it to prior work on the carry trade risk-return trade-o¤.
Linear Factor Models with Time-Varying Coe¢ cients
We know (see for example, Cochrane, 1996) that consumption-based asset pricing models imply that while expected returns can vary across time and assets, expected discounted returns should always be the same for every asset. In other words the following conditional relationship holds:
where R t is the gross return on asset i and M t+1 the stochastic discount factor which equals the marginal rate of substitution in consumption. In empirical work the unconditional implications of the above Euler equation are used by applying the law of iterated expectations and conditioning down to get:
As detailed in Cochrane (2005) we can do more than just condition down by using instruments and expanding the asset space by creating "managed portfolios" and incorporating conditioning information using what Cochrane (1996) refers to as "scaled returns":
To focus this discussion, we use the example of the canonical power utility C-CAPM. In this case we can linearize the SDF M t+1 = C t+1 Ct and write it as M t+1 ' c t+1
where c t+1 = ln
and is the is the coe¢ cient of relative risk aversion. Using excess returns we have the following speci…cation:
Lustig and Verdelhan (2007) estimate the above conditional C-CAPM where R e i;t+1 is the returns on the ith excess currency carry trade portfolio and their conditioning variable x t is R t is the average interest rate di¤erence on their portfolios 1 and 7, i.e. the portfolios with the highest and the smallest interest rate di¤erentials. Thus they estimate the following model:
where R e i;t+1 R t are the managed portfolios that lever up when the interest rate with the U.S. is large.
Lustig, Roussanov and Verdelhan (2011) also use managed portfolios and allow for timevarying factor betas in their empirically motivated APT type model that has factors DOL and HM L F X as de…ned earlier. To create managed portfolios they multiply each currency excess return with the corresponding beginning-of-month forward discount normalizing this quantity by subtracting the average forward discount across currencies and dividing by the cross-sectional standard deviation of forward discounts in the given period. They …nd, using this 'augmented'set of managed portfolios, that the market prices of risk in their model are positive and signi…cant and similar to those using unconditional returns. Next, they estimate factor loadings using rolling windows instead of incorporating conditioning information explicitly. Speci…cally, they …rst run time series regressions using rolling windows of 36 months to estimate the factor betas. They then use these average factor betas in a set of cross-sectional regressions to estimate the factor risk prices or 0 s: It is not feasible however to apply this methodology in the case of consumption-based models since we have adequate data at quarterly frequency. The only other paper, that we know of, that uses conditioning information in the case of currency carry trade portfolios is Nitschka (2007) , who also scales returns and uses managed portfolios rather than scaling the stochastic discount factor.
In contrast to the above papers from the carry trade literature we allow for conditioning information by "scaling factors" (see Cochrane, 1996) , in the pricing kernel. In this case we write the stochastic discount factor as M t+1 = b t f t+1 where b t = b 0 + b 1 z t in the following manner:
As Ludvigson (2011) points out "scaling returns is appropriate if conditioning information is used to model time-varying covariances between M t+1 and returns... while scaling factors is appropriate if the conditioning information is implied by preferences M t+1 even if the covariances studied are constant over time because they are based on unconditional expectations E[M t+1 R i;t+1 ] = 1". Lettau and Ludvigson (2001b) , for example, use an "economically" motivated conditioning variable CAY that exploits the relation between consumption and wealth through the stand in investors'budget constraint. CAY also has, as theoretically expected, predictive power for equity excess returns and this further justi…es its use as a conditioning variable.
Conditioning Variable
In this paper, we use as a conditioning variable, a measure of net foreign assets, …rst employed by Gourinchas and Rey (2007) to study how capital gains on gross external assets provide an alternative channel, to the familiar channel via trade ‡ows, for international balance of payments adjustment. They show that an alternative way of satisfying the country budget constraint would be for the valuation of foreign holdings of home assets to drop (increase); e.g. through exchange rate depreciation (appreciation)results . Building on Lettau and Ludvigson (2001a) , their starting point is the accumulation identity for net foreign assets between periods t and t + 1:
where NX t is net exports (i.e., the di¤erence between exports X t and imports M t of goods and services), NA t is net foreign assets (i.e. the di¤erence between gross external assets A t and gross external liabilities L t measured in domestic currency) and R t+1 denotes the (gross) return on assets R a t+1 and the gross returns on liabilities R l t+1 :Dividing by W t and de…ning
where t+1 = W t+1 =W t is the growth rate of wealth between t and t + 1. The accumulation identity in eq. (11) can be written for a deterministic economy using equilibrium values for the wealth ratio, i.e., f
where e R t+1 and e L t+1 denote the equilibrium return on the net foreign assets portfolio and the growth rate of wealth in the deterministic economy. The di¤erence between eq.(12) and eq. (13) is the budget constraint "in deviation from trends". Using the notation in Gourinchas and Rey (2007) 
and " w t+1 = ln t+1 = b t+1 : By assuming that " z t ; b r t+1 and " w t+1 are stationary and small we can write ln b Z t = ln e Z t + " z t ; e.g. ln b Z t is written in terms of a deterministic component and a stationary one. Under the assumption that the trend components e Z t have a common trend, a log-linear approximation of the external constraint around its trend satis…es:
where:
and it denotes cyclical external imbalances and nx t+1 (2007) show that, under some regularity conditions (including nxa t satisfying a no-Ponzi condition), the intertemporal external constraint can be written as:
This equation shows that movements in the de-trended trade balance and the net foreign asset position must forecast either future portfolio returns, or future net exports growth, or both. So there are two channels of adjustment to a net export imbalance; the usual trade channel, and an asset valuation channel. Note that the latter, represented in r t+j , can take place by changes in the nominal exchange rate, if the gross asset positions for assets and liabilities tend to be denominated in di¤erent currencies. In our application, we use nxa in a manner analogous to cay in Lettau and Ludvigson (2001b) . In our case nxa re ‡ects underlying fundamentals that determine the exchange rate for a country with regard to a set of other countries and has strong predictive power for exchange rates.
Methodology
The key papers that we build on, Lustig and Verdelhan (2007) and Burnside (2011) both use traditional asset pricing tests based on the Fama-MacBeth procedure or GMM-based cross-sectional regressions. However, the model we estimate is a conditional factor model and this results in two methodological points that need to be considered. The …rst is that the times series betas from our model are not the same as the conditional consumption beta of the classic C-CAPM. Second, we also need to take account of the issues raised in Lewellen and Nagel (2006) who argue that conditional CAPM betas which they estimate with rolling regressions are not volatile enough to explain the large excess returns on size and book-market sorted portfolios. Unfortunately, as indicated earlier, their empirical tests cannot be directly applied to the consumption CAPM, because of the absence of high frequency consumption data. Nevertheless, we take account of the Lewellen and Nagel (2006) critique and following Ludvigson (2011) report results of tests of theoretical restrictions on the time series intercepts that should be satis…ed in scaled consumption-based asset pricing models.
Cross-Sectional Regression Tests
We estimate our model using the standard Fama-MacBeth procedure. In the …rst stage, we run the time-series regressions and estimate betas:
where R e i;t is the excess return on the carry trade portfolios and f i;t is the factor in our linearized stochastic discount factor. In the case of our conditional model we estimate the model where the stochastic discount factor is given by M t = a t + b t f t where a t = a o + a 1 z t 1 and b t = b 0 + b 1 z t 1 resulting in a time series regression of the following type:
i.e. we now have additional factors z t 1 and z t 1 f i;t : In the case of the standard C-CAPM we estimate using nxa t 1 the following regression:
In the second stage, we run the cross-sectional regressions of excess returns on the estimated betas at each time period in the sample:
The second stage of the Fama-MacBeth procedure results in a time series of estimates of f^ t g T t=1 , and a time series of pricing errors,
The parameter estimateŝ and pricing errors^ i (i = 1; :::; N ) are then the averages of the appropriate time-series estimates:
The coe¢ cients of interest are 's which represent the factor risk prices. The Fama-MacBeth procedure uses the standard deviations of the crosssectional regression estimates to generate the sampling errors for the parameter estimates:
It is well-known, however, that two-step regressions su¤er from an errors-in-variable problem since the betas used in the second pass are estimates of the true unknown betas. We therefore report standard errors using the Shanken (1992) correction which assumes that returns are stationary and conditionally homoskedastic. However we note, as shown in Jagannathan and Wang (1998) , that conventional t statistics in the presence of conditional heteroskedasticity do not necessarily overstate the precision of the standard errors. Further, the Shanken correction is directly related to the magnitude of each coe¢ cient and inversely related to the variability of the pricing factors. Lettau and Ludvigson (2001b) point out that macro factors are not very volatile and as a result this tends to "blow up" the Shanken correction factor so that the corresponding t statistics are not signi…cant.
We also use an alternate way of dealing with the problem of generated regressors advocated by Cochrane (2005) . In this approach, both time-series and cross-sectional moments are minimized simultaneously. The moments are the following:
where a (N 1) is a vector of constants for the time-series regressions; (N L) is a matrix of L factor loadings for the N test assets; (L 1) is a vector of beta risk prices; denotes the Kronecker product and 0 denotes conformable vectors of zeros. The parameter vector in this GMM system is 0 = a 0 0 0 : a and are identi…ed by the …rst two sets of moment conditions and the cross-sectional estimates of are identi…ed by the third set of moments weighted by the time-series . The GMM estimation of this system in eq.(21) with the identity weighting matrix is equivalent to simple OLS cross-sectional regression or the Fama-MacBeth procedure in the sense that it produces the same estimates of the parameters. An advantage of using the GMM framework is in the estimation of the standard errors for the lambda coe¢ cients. Since GMM minimizes time-series and cross-sectional moments simultaneously the GMM standard errors account for the fact that the betas are estimated and also correct for heteroskedasticity and serial correlation in the data.
Following most of the literature, we report tests of the null hypothesis that all pricing errors^ are jointly zero which asymptotically follows the 2 N L distribution, where N is the number of test assets and L is the number of parameters in the cross-sectional regression. We note, in this context, that the null of zero pricing errors may not be rejected, not because of small pricing errors, but because of high sampling error in the estimated betas as underlined by Lettau and Ludvigson (2001b) . We also report some commonly used informal criteria that help assess the goodness-of-…t of the model: the mean absolute error M AE = 1 N jj^ jj , the R 2 ; and the adjusted-R 2 : However, these results need to be interpreted with some caution as pointed out by Lewellen, Nagel and Shanken (2009).
Time-Series Regression Tests
Lewellen and Nagel (2006) point out that tests of conditional models evaluate these models by relying on cross-sectional regressions and do not emphasize time-series intercept tests that require constraints imposed by theory. We therefore evaluate whether the time series intercept restrictions are satis…ed in our scaled consumption-based model by testing whether the estimated intercepts from the time series regressions are, if the model is correctly speci…ed, jointly zero. However, the factors in our models are not traded assets. We create (see Kim (2010) for a recent application) maximally correlated portfolios (MCPs) for each of the multiple factors in the scaled C-CAPM. We do this, following Breeden, Gibbons and Litzenberger (1979) , by choosing a set of base traded assets and constructing a portfolio that is maximally correlated with the non-traded model factor. Let the excess returns on each asset i in the set of basis assets be denoted by R b i then the MCP f k corresponding to factor f k is created using:
where the b ! k;1 are the …tted values obtained from the regression:
where b ! k;i are the estimated coe¢ cients for each of the test assets i:::m.. In other words, these estimated coe¢ cients are used as portfolio weights to construct the MCP -in our case the base assets are the carry trade portfolios and a set of equity market portfolios. We can now apply the Gibbons, Ross, Shanken (1989) or GRS test to our consumption-based model using these MCPs which are traded assets. In this test, the null hypothesis is that the intercept in the time series regression of the test assets on MCPs are jointly zero. In other words we run the following time series regression:
and test the null hypothesis that:H 0 : it = 0; 8i: Gibbons, Ross and Shanken (1989) provide the …nite sample test statistic and its distribution under the null hypothesis, assuming that the residuals are jointly normally distributed. The GRS test statistic is given by:
; and The procedure generally followed, in these papers, to create the carry trade test asset portfolios is as follows. A monthly series of spot and forward prices dollars is obtained using daily spot and forward exchange rates from Reuters/WMR and Barclays that are available on Datastream. Most studies use two sub-samples; a larger sample that includes developed and emerging economies and a smaller sample with data only from a group of developed countries. Next, the available currencies are sorted into portfolios (usually six) according to their forward discount against the US dollar. The …rst portfolio contains currencies with the smallest forward discounts (the lowest interest rates), and so on -with the last portfolio consisting of those currencies with the largest forward discounts (and therefore the highest interest rates). Next, the log currency excess return is computed for each portfolio by taking the average of the log currency excess returns in each portfolio. In this paper, we use the following data. Our main data consists of quarterly returns of 6 FX carry trade portfolios. These portfolios are the same used at a monthly frequency in Lustig, Roussanov and Verdelhan (2011) . We use quarterly returns computed from monthly returns since other macro data are only available at quarterly frequency. In addition, as an out-of-sample check, we also report results using the annual and quarterly returns on the 8 portfolios used in Lustig and Verdelhan (2007) 3 .
Consumption and Other Macro Data
We use data on per capita consumption of nondurables and services and the per capital stock of consumer durables in constant 2005 dollars using data from the BEA (NIPA Table  1, NIPA Table 7 , Fixed Assets Table 1 and Fixed Assets Table 9 ). The NIPA …les that we use are: (1) quarterly nominal expenditure on nondurables and services, and durables; (2) quarterly price de ‡ators for nondurables and services; (3) quarterly real purchases of nondurables, services and durables; (3) the annual nominal expenditure series for nondurables, services and durables; (4) the quarterly population series; (5) and the annual price de ‡ator for nondurables and services. Our transformations follow those outlined in Burnside (2011). The equity market data is from Professor's French web site.
Lustig and Verdelhan (2007) have made available data at quarterly and annual frequency on the carry trade portfolios. They also make available data on non-durable and durable consumption growth, the excess stock market return and the Fama-French factors. We use their data, for the sample period 1953-2002, in order to facilitate comparison with their results. Their data uses NIPA price de ‡ators with the base year 1996 and they also use per household consumption obtained by dividing by the number of households.
Empirical Estimation of NXA
We are interested in calculating nxa, a measure of the cyclical component of external imbalances. To construct this series we require quarterly estimates of the US net and gross positions at market value between 1984/01 and 2010/01. The data on gross asset and liability positions of the US is published by the Bureau of Economic Analysis (International Investment position data) and is available on line at the annual frequency. To obtain quarterly estimates, we …rst recalculate the BEA's gross positions with foreign investment at market value. Then, by combining quarterly data on the cumulative current account and the quarterly gross positions used by Gourinchas and Rey (2007) , for the period 1952/01 to 2004/01, we update their gross external assets and liabilities series up to 2010/01.
The ratios of exports, imports, external assets and liabilities to wealth are not stationary i.e. they exhibit a strong upward trend. We therefore follow Gourinchas and Rey (2007) and "purge" the data from the trend component for each ratio and concentrate on the ‡uctuations of the net asset and net export variables in deviation from these trends. To construct this, we need detrended (log) exports (" x t ); imports (" m t ); gross foreign assets (" a t ); and liabilities (" l t ) relative to wealth. Because ln b Z t = ln e Z t + " z t ; by estimating the trends ( e Z t ); we will be able to compute the detrended components. We follow Gourinchas and Rey (2007) and use a Hodrick-Prescott …lter (lambda=1,600) 4 for this e¤ect. Using quarterly data from 1983/01 to 20010/01, we estimate nxa t : Normalizing weights in eq. (15) " m t , and using our data we obtain nxa t 4:70" a t 5:26" l t + " x t 1:56" m t .
Empirical Results
We now turn to our empirical results using two di¤erent sets of data. Our main results use quarterly excess returns data, for the period 1984Q1 to 2010Q1. This data is from Lustig, Roussanov and Verdelhan (2011). We also report, as a test of robustness, results using the data from Lustig and Verdelhan (2007) at both annual and quarterly frequencies from the period 1952-2002. We …rst report results for the cross-sectional regressions based on FamaMacBeth and cross-sectional regressions estimated using GMM. We also report time series regression results based on a GRS test that uses maximally correlated portfolios of the nontraded factors in our model. Table 1 Summarizes the basic statistics for quarterly excess returns on the 6 currency portfolios for the period 1983/01 to 2010/01 that are our main test assets Table 1 . These portfolios are constructed by sorting currencies into six groups at time t based on the one-month forward discount (i.e. nominal interest rate di¤erential) at the end of period t 1. Portfolio 1 contains currencies with the lowest interest rates, whereas portfolio 6 contains currencies with the highest interest rates. Since exchange rates are expressed in terms of units of domestic currency (U.S. dollar) per unit of foreign currency, the excess returns are interpretable as U.S. dollar returns. Over the full sample period the carry trade delivers both positive and negative excess returns. For example, for portfolios 1 and 2 the carry trade delivers negative excess returns whereas for portfolios 3, 4, 5 and 6 these are positive. The largest spread (between the second and 6th portfolio) is 1.36%. The Sharpe ratios vary from -0.047 (portfolios 2) to 0.222 (portfolio 6). Notably, however, the carry trade returns exhibit departures from normality, as the reported measures of skewness and kurtosis show. Descriptive statistics for the factors (nondurables and durable consumption growth, the value weighted US stock market index, the excess market return and the conditioning variables, nxa) are reported in Tables 2 and 3 . Nondurable consumption growth has mean 0.408% and standard deviation 0.393% per quarter. Durable consumption growth has mean 1.053% and standard deviation 0.480%. The correlation between them is 0.443. Durable consumption growth is much more persistent than nondurable consumption growth. The …rst-order autocorrelations are 0.924 and 0.512, respectively. The mean excess returns on the market portfolio, which can be interpreted as the equity premium, is 1.71% per quarter in this sample. The market returns have a small correlation with the consumption-based factors, especially with durable consumption growth (-0.075 with the excess market return and -0.059 with the market return). nxa is negative for this sample period (its mean is -0.004) and shows very low correlation with the other factors.
Summary Statistics

Results of Cross-Sectional Regressions
We report in Table 4 the results of estimating Fama-MacBeth regressions using quarterly data from 1984Q1-2010Q1. We report results for …ve models. The …rst three are unconditional versions of the classical CAPM, the C-CAPM and the Yogo (2006) three factor C-CAPM. Models 4 and 5, in this Table, are the conditional version of the classical CAPM and the C-CAPM. These have been the main models relied in the recent literature on carry trade risk and return including Lustig and Verdelhan (2007) and Burnside (2011) . We …nd, in Table 4 that the unconditional models have R-squared ranging from a 83% for the Yogo model to 68% for the classical CAPM. However, the standard C-CAPM fares badly with a low R-squared. Its adjusted R-squared is negative suggesting that even a model with a constant does better. Out of the unconditional models, the Yogo model has the lowest Mean Absolute Error (MAE) about 15% while that of the CAPM is 20% and that of the C-CAPM is around 44%. In Table  4 , rows 4 and 5, report the conditional version of the classical CAPM and the scaled factor C-CAPM using nxa t 1 as a scaling variable. These results are very interesting. We …nd that the conditional version of the CAPM has an R-squared of 58% and an adjusted R-squared of 15%. In the case of conditional models the adjusted R-squared may be a relevant statistic as these models have more factors than their unconditional counterparts. As seen in row 5 of Table4 the conditional C-CAPM has an R-squared of 98% and an adjusted R-squared of 95%. The MAE in the case of the conditional C-CAPM (0.06), is the smallest for our test assets, as compared to all the other candidate models used.
Further, we …nd that in the unconditional models the market portfolio has a signi…cant market price of risk for the CAPM. However, the market price of risk is only marginally signi…cant for the unconditional C-CAPM consumption growth factor using OLS standard errors. As is well known, the Shanken correction is large non-traded factors and this results in the for this factor not being signi…cant when using Shanken corrected or GMM t statistics. In the case of the conditional CAPM the price of risk for nxa and the market risk premium are signi…cant when using OLS standard errors. More importantly, in the case of the conditional CAPM we …nd that the scaled factor ( c t nxa t 1 ) has a signi…cant market price of risk using OLS, Shanken-corrected and CSR-GMM-corrected standard errors.
We also report in Table 5 results of Fama-MacBeth regressions where we impose the constraint that the constant equals zero. Broadly, these results are similar to those in the case where the intercept is freely estimated. Speci…cally, the conditional C-CAPM (row 5) has an R-squared of 98% and also has the smallest MAE out of all the models we use. Finally we …nd that again the scaled factor ( c t nxa t 1 ) is still marginally signi…cant when Shankencorrected and CSR-GMM-corrected standard errors are used.
Results of Time-Series Regressions
We report results for the GRS test using our main data set which uses quarterly data in Tables 6. Since the factors in the models we use are not traded we create, as outlined earlier, maximally correlated portfolios (MCPs) with these factors following Gibbons, Breeden and Litzenberger (1989) . These MCPs are then used in the GRS test for the null hypotheses that the intercept term is zero. In other words a high (low) p-value indicates that the model is not rejected (rejected). We use the following sets of test assets to create the MCPs. The …rst set is the carry trade portfolios augmented by 10 size decile equity market portfolios and the second set consists of the carry trade portfolios and 10 Fama-French book-to-market portfolios.
We …nd using quarterly data over the period 1984-2010, as indicated in Table 6 , that the null hypothesis that the time-series intercepts are jointly zero is rejected for the unconditional C-CAPM at the 5% level. In contrast for the conditional version of the C-CAPM the null is not rejected. In the cases of the unconditional versions of the classical CAPM, the Fama-French three-factor model and the Yogo models also we cannot reject the null that the intercepts are equal to zero.
Predictive Ability of NXA
We now discuss what underlies the empirical results of the tests of conditional CAPM and conditional C-CAPM with nxa, a measure of cyclical component of external imbalances, as a state variable. As already pointed by Gourinchas and Rey (2007) , nxa re ‡ects underlying fundamentals that determine the exchange rate of US currency with respect to a set of currencies of other countries. It should therefore have predictive power for US dollar exchange rate. In order to investigate that, we run a standard regression of the form:
As an explanatory variable, we use the net change in a trade weighted exchange index. The index is computed as a weighted average of the foreign exchange value of the US dollar against the currencies of a broad group of major US trading partners. The index is available from 1973 in the FRED database. In our predictability exercise we use data over the period 1973Q1-2010Q1
We report in Table 7 estimation results of a predictive regression of nxa for the trade weighted index. We …nd that, for sample 1973Q1-2010Q1, the nxa indeed has a strong predictive power for the foreign exchange rate of US dollar with respect to other currencies. The coe¢ cient on nxa is signi…cant and the explanatory power of nxa is as high as 6%.
Tests for Robustness
We also perform several tests to assess the robustness of our results. We report in Tables A2.1 and A2.2 the results of estimating Fama-MacBeth regressions using annual data. Here we use the same data set of portfolios as is used in Lustig and Verdelhan (2005) . We note here that this data set has 8 carry trade portfolios and span the period 1952-2002. We again report the cross-sectional results, using Fama-MacBeth regressions, for both cases: with and without an intercept term. These results con…rm the evidence we …nd for quarterly returns. The conditional C-CAPM with scaled factors, now using an annual measure of nxa, can explain a large part of the variation in conditional consumption betas, based on a variety of criteria. We also report in Table A2 .3 the results of a GRS test and …nd no evidence that our base model, the conditional C-CAPM is mis-speci…ed. Finally, in Table A3 .1 we report the predictability results for annual data, using eq.(26), in the spirit of those reported in Table 7 . These again con…rm the high predictive ability of nxa for the foreign exchange rate of US dollar with respect to other currencies as well on annual frequency.
In ongoing work we have estimated SDF-GMM version of the model, used alternate time series regression-based tests of model …t and estimation methods that allow for time varying betas. These results will be added in the next version of this paper.
Summary and Conclusion
In this paper we use a conditional version consumption-based asset pricing model with power utility to explain the di¤erence between the average excess returns on carry trade portfolios. In contrast to previous research on exchange rates, which uses scaled returns, our model uses a stochastic discount factor, in the spirit of Lettau and Ludvigson (2005) . Our conditioning variable -the net foreign assets for the US -is are computed following Gourinchas and Rey (2007) . It has predictive power for multilateral exchange rates and also for carry trade portfolios. We …nd that this model has is able to explain 97% of the variation in the crosssection of carry trade risk premia. We also test time series restrictions imposed on the model by theory and …nd that the model is well speci…ed. Finally we …nd that the model is able to price annual carry trade portfolio using a longer span of data covering a longer time period.
In ongoing work, we are exploring additional test of time series restrictions as well as alternate estimation method that allow for time varying conditional betas. We hope to elaborate on these results in the next version of the paper. Overall, our results suggest that standard consumption-based models do still have a role to play in explaining the risk return pro…le of carry trade portfolios if we allow for stochastic discount factors that allow for state-dependence using appropriate scaling with conditional information. Notes: Table 4 reports the Fama-MacBeth estimates of the risk prices (in percentage points) using 6 rebalanced currency portfolios as test assets. These portfolios are from Lustig, Roussanov and Verdelhan (2011) . c is real per household consumptions (nondurables and services) growth, d is real per household durable consumption growth, R vw is the value weighted US stock market and R f is the risk-free rate. The sample is 1953/04 to 2009/02 (quarterly data). The factors are demeaned. The conditioning variable, nxa, has been demeaned and multiplied by 10. We report iid, Shanken corrected, GMM with 6 lags and GMM with auto lag selection p-values. The last two columns report the R 2 and adjusted R 2 (centered) and mean absolute pricing error (MAE) (in percentage points). Notes: Table 5 reports the Fama-MacBeth estimates of the risk prices (in percentage points) using 6 rebalanced currency portfolios as test assets. Lustig, Roussanov and Verdelhan (2011) . c is real per household consumptions (nondurables and services) growth, d is real per household durable consumption growth, R vw is the value weighted US stock market and R f is the risk-free rate. The sample is 1953/04 to 2009/02 (quarterly data). The factors are demeaned. The conditioning variable, nxa, has been demeaned and multiplied by 10. We report iid, Shanken corrected, GMM with 6 lags and GMM with auto lag selection p-values. The last two columns report the R 2 and adjusted R 2 (centered) and mean absolute pricing error (MAE) (in percentage points). Notes: Table 6 reports the values of the GRS test statistic (Gibbons, Ross and Shanken, 1989 ) along with its p-value for di¤erent pricing models, speci…ed in the …rst column. The values of the GRS test come from the time-series regressions of each of the test asset on the multiple correlation portfolio (MCP) which mimics the pricing factor. Speci…cally, the MCP is the …tted value from the regression of pricing factors on the set of traded portfolios speci…ed in the …rst row of the column: pricing_f actor t = + 0 R e t + " t . The data is sampled at a quarterly frequency and span the period 1953Q4-2009Q2. Notes: Table A2 .3 reports the values of the GRS test statistic (Gibbons, Ross and Shanken, 1989 ) along with its p-value for di¤erent pricing models, speci…ed in the …rst column. The values of the GRS test come from the time-series regressions of each of the test asset on the multiple correlation portfolio (MCP) which mimics the pricing factor. Speci…cally, the MCP is the …tted value from the regression of pricing factors on the set of traded portfolios speci…ed in the …rst row of the column: pricing_f actor t = + 0 R e t + " t . For robustness, we use two distinct sets of traded portfolios. The data is sampled at an annual frequency and span the period 1953-2002. 
